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ABSTRACT
The Relationship Between Bird Species Richness and Human Appropriation of Net
Primary Productivity
by
Kaeli Mueller, Master of Science
Utah State University, 2022

Major Professor: Dr. Christopher Lant
Department: Environment and Society
As humans harvest increasing amounts of biomass, it is crucial to gain an
understanding of how much energy is being appropriated and the impact that this could
have on ecosystems and biodiversity. The primary way in which humans impact
biodiversity loss is through land use change. One way of quantifying the impact of land
use change is through human appropriation of net primary production (HANPP). This
measurement represents the total amount of energy derived from photosynthesis that
humans remove from ecosystems and appropriate for their own use. My research studies
the relationship between HANPP and bird species richness at the county level of the
conterminous U.S. using a linear model with a spatial correlation structure. I produce a
new dataset of bird species richness per county in 2001 from the USGS GAP species
richness data. HANPP is negatively correlated with species richness, supporting the
hypothesis that counties with higher HANPP had a lower number of bird species. Bird
species richness, however, is overwhelmingly influenced by environmental and climatic
factors such as coastal proximity and temperature.
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PUBLIC ABSTRACT

The Relationship Between Bird Species Richness and
Human Appropriation of Net Primary Productivity
Kaeli Mueller

As humans harvest increasing amounts of biomass, it is crucial to gain an
understanding of how much energy is being appropriated and the impact that this could
have on ecosystems and biodiversity. The primary way in which humans impact
biodiversity loss is through land use change. One way of quantifying the impact of land
use change is through human appropriation of net primary production (HANPP). This
measurement represents the total amount of energy derived from photosynthesis that
humans remove from ecosystems and appropriate for their own use. My research studies
the relationship between HANPP and bird species richness at the county level of the
conterminous U.S. using a linear model with a spatial correlation structure. I produce a
new dataset of bird species richness per county in 2001 from the USGS GAP species
richness data. HANPP is negatively correlated with species richness, supporting the
hypothesis that counties with higher HANPP had a lower number of bird species. Bird
species richness, however, is overwhelmingly influenced by environmental and climatic
factors such as coastal proximity and temperature.
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1
Introduction

As humans harvest increasing amounts of biomass, it is crucial to gain an
understanding of how much energy is being appropriated and the impact that this could
have on ecosystems and biodiversity. At the global scale, biodiversity loss is occurring at
increasing rates (Cardinale, 2012). A recent Intergovernmental Science-Policy Platform
on Biodiversity and Ecosystem Services Global Assessment found that several aspects of
biodiversity were declining or in jeopardy. Abundance of species is declining by 23
percent on average in terrestrial ecosystems and approximately 25 percent of studied
plant and animal species are being threatened with extinction (Díaz et al., 2019). These
statistics are alarming because biodiversity loss can decrease the stability of ecosystems
and their ability to provide ecosystem services such as primary production and
decomposition (Cardinale et al., 2012; Costanza et al., 2007; Hooper et al., 2012; Worm
et al., 2006). Biodiversity loss is one of several planetary boundaries included in a
landmark study describing nine variables vital to the functioning of the global ecological
system (Rockström et al., 2015). If these planetary boundaries, such as biodiversity loss,
are exceeded, crucial global systems could permanently fail to function.
With a global problem like biodiversity loss, it is important to accurately measure
human impact on biodiversity. The term “biodiversity” is used broadly to describe
different measures of the variety of life in a particular ecosystem, including species
density, species diversity, species turnover, biomass of species, species abundance, and
species richness (Whittaker et al., 2001). By studying these individual biodiversity
measurements in different ecosystems and life forms, we come closer to a more complete
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understanding of the state of the world’s biodiversity. A better understanding of how
humans influence biodiversity of specific ecosystems and populations can help
conservation efforts know how to best mitigate biodiversity loss (Brown, 2014). The
primary way in which humans impact biodiversity loss is through land use change (Díaz
et al., 2019). Land use change includes processes such as land conversion for crop
cultivation and livestock grazing (Allan et al., 2019; Weinzettel et al., 2019). Through
land use change, the diversity of a natural ecosystem is often reduced to a single species
of crop being grown in an agricultural monoculture or a single species of livestock.
Conversion to monocultures results in areas of homogenization of organisms as many
species disperse or are extirpated, drastically reducing biodiversity in those areas (Jetz et
al., 2002; Marull et al., 2018; Newbold et al., 2018; Phalan et al., 2011). Land use change
is largely a result of growing demand for products for ever-increasing human
consumption (Díaz et al., 2019). The growing demand for land threatens the biodiversity
that thrives in natural ecosystems (Hill et al., 2018). Currently, around a quarter of
terrestrial vertebrates are impacted by human threats across more than 90 percent of their
entire range (Allan et al., 2019). It is crucial to study the relationship between
biodiversity loss and land use change induced by consumption by humans of products
derived from ecosystems.
One way of quantifying the impact of land use change is through human
appropriation of net primary production (HANPP). This measurement represents the total
amount of energy derived from photosynthesis that humans remove from ecosystems and
appropriate for their own use. Nearly all energy in ecosystems comes from solar energy,
which is converted by plants through photosynthesis into chemical energy. This chemical
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energy is called net primary production (NPP). The species-energy hypothesis framework
postulates that higher amounts of trophic energy in the environment correlate with higher
species diversity (Haberl et al., 2005). This is due to the biology behind metabolic rates,
which are influenced by temperature but dictate individual resource requirements. This
principle explains how the level of resource supply in an ecosystem is directly related to
the individuals that compose communities (Allen et al., 2002). Humans appropriate NPP
through harvesting crops, harvesting timber, and livestock grazing. The amount of NPP
left in the ecosystem after harvest is called NPP ecological (hereafter called NPPeco)
(Haberl et al., 2014). The concept of HANPP was developed as a tool to measure the
impact that humans have on ecosystems (Vitousek et al., 1986). HANPP is an alternative
to the ecological footprint concept because it evaluates the intensity of societal use of a
spatially explicit area, rather than identifying how different groups of people use various
ecosystem functions (Haberl et al., 2004).
Research Questions and Hypothesis
I propose that HANPP is an indicator of biodiversity because it is a metric to
assess how much energy is available for species in an ecosystem. My research will study
the quantitative relationship between HANPP and species richness in the conterminous
United States. My first hypothesis is that areas with higher NPPeco will have higher
species richness and areas with a higher HANPP will have lower species richness.
Therefore, the relationship between HANPP and species richness will likely be negative.
This outcome would support the species-energy hypothesis that suggests that areas with
more available energy can sustain higher numbers of species. Because HANPP reduces
NPPeco, a corollary is that higher HANPP results in lower species richness. Using
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HANPP is a novel approach to studying the species-energy hypothesis. HANPP is a
newly quantified metric that was not previously considered in studies of NPP-species
richness relationships, most of which use NPP or biomass as the measurement of
available energy. The second hypothesis that I will test in my study is if other
measurements of energy¾including variations of HANPP or NPPeco such as HANPP%,
NPP, or the components of HANPP¾have a stronger relationship with bird species
richness than the absolute value of HANPP. With this hypothesis I predict that HANPP%
(HANPP/NPP) will have a more linear correlation with bird species richness. This could
be because HANPP% reduces the effect that overall productivity (NPP) has on a region.
Additionally, I predict different components of HANPP will have different correlations
with bird species richness, such as crop HANPP being negatively correlated while
grazing HANPP might be positively correlated. This prediction is based on the differing
intensity of land use of different HANPP types.
This study will test the species-energy hypothesis by analyzing the relationship
between NPPeco and species richness. I will be using a HANPP dataset that includes
values of NPP, HANPP, NPPeco in every county of the contiguous U.S. For my study I
define HANPP (technically known in the literature as HANPP (harvest)) as the total
amount of carbon in grams of Carbon per square meter per year (gCm-2yr-1) used by
humans through crop harvest, timber harvest, and grazing. I define NPPeco as the amount
of carbon in gCm2yr-1remaining after harvest. I use bird species richness as a metric for
biodiversity. Linear regression models are used to investigate the relationship between
these variables at the county resolution. The outcome of this study will contribute to
discussions about how the human use of NPP impacts biodiversity. The results could be
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used to develop a “biodiversity footprint” that assesses how human consumption of
biomass-based products affects species richness. The concept of a biodiversity footprint
has been used to measure the impact of human trade and consumption on regional
biodiversity (Weinzettel et al., 2018).
Literature Review
My hypothesis falls within the framework of ecological energy flows. Most
energy on the earth begins as radiation emitted by the sun. Plants convert a small fraction
of solar energy into chemical energy through photosynthesis. The total amount of
chemical energy plants produce is called gross primary production (GPP). GPP varies
across the globe depending on temperature, precipitation and season (Jung et al., 2011).
GPP is not an accurate measurement of the energy available to other species, however,
because some of the GPP is consumed by the plants as they respire (Schlesinger et al.,
2013). Plants typically use half of their GPP for their own cellular functions but the exact
amount varies across different types of plants and ecosystems (Zhang et al., 2009). The
remainder of the chemical energy is stored in plant tissues as carbon bonds and is called
net primary production (NPP). Therefore, the amount of available energy in a system is
best represented with NPP, which is the rate of accumulation of organic matter stored in
plants (Haberl et al., 2009). NPP is the basis of energy for all heterotrophs on earth
(Running, 2012).
Species-energy hypothesis
Within the field of ecological energetics is a framework called the species-energy
hypothesis that states that each species has a minimum amount of energy input needed for
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the species to survive. According to this hypothesis, environments with higher energy can
generally sustain more species, even though each species differs in its minimum energy
requirements (Wright, 1983). Researchers have tested the species-energy hypothesis by
studying the shape of the curve of the linear relationship between two variables: available
energy and number of species. The species-energy hypothesis suggests that there will be
a positive statistical relationship between the amount of energy in a system and the
number of species that can thrive in that environment. There is a large body of work,
including numerous meta-analyses, examining the relationship between these two
variables. The relationship between species richness and energy is studied by fitting a
regression model with energy (usually measured in NPP or biomass) as the independent
variable, and species richness as the dependent variable. Most studies conclude that
species richness and energy are positively related because a positive trend is seen across
many scales and different types of organisms (Gillman et al., 2006). Most species-energy
relationships are either positively shaped with a monotonically increasing curve, or
initially positively increasing then declining with higher energy (Evans et al., 2005;
Wang et al., 2019). This trend is supported by a meta-analysis in which researchers
looked at several species-energy studies and found that the relationship was commonly
hump-shaped, with species richness first increasing then decreasing with productivity
(Mittelbach et al., 2001). Additionally, newer studies have found a positively decelerating
relationship between productivity and species richness (Cusens et al., 2012). While the
relationship between species richness and energy is generally accepted to be positive,
there is much left to be studied about how the species-energy hypothesis manifests in
different environments.
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The scale of the environment being studied can affect species-energy relationships
(Hawkins, et al., 2003; Whittaker et al., 2001). Scale can play a large role because at
large scales, abiotic factors such as temperature, precipitation, and climate, are likely
contributors to biodiversity trends. On a global scale, energy and species richness are
highly negatively correlated with latitude, which could be considered a proxy for climatic
variables (McBride et al., 2014). The greatest productivity and species-richness are found
in the low latitudes of the tropics. This pattern persists across many different types of
organisms and environments. One notable disruption to this latitudinal trend is intense
human activities on the land, such as farming, mowing, fertilizing, or grazing (Gillman et
al., 2015). The strong correlation between latitude and species richness suggests that
latitude would be a lurking variable in the species-energy hypothesis at large regional
scales (Brown, 2014). At large scales, latitude (and the climatic variables it represents)
affects species-energy relationships, dwarfing small-scale land use differences.
Scale can also affect the shape of the species-energy curve because of the
different methods used to measure productivity (Jetz et al., 2002; Mittelbach et al., 2001).
For example, a case study focusing on fern species richness found that the species-energy
relationships were negative at local scales, but the relationships were positive at large
scales. In this case, the different curve shapes were due to the researchers using
individual productivity at the local scale and population productivity at the large scale
(Kessler et al., 2014). A meta-analysis analyzed several species-energy hypothesis studies
to find the exact scale at which species-energy relationships become hump-shaped
instead of positive. The meta-analysis found that at scales larger than 103 to 104 km², a
size smaller than most counties but larger than remote sensing pixels, species-energy

8
relationships were positive (McBride et al., 2014). It is important to consider the effect of
scale when analyzing the relationship between energy and species richness.
As I noted before, the method of measuring the variables of “energy” and
“species” affects the shape of the relationship curve. For example, the species richness of
two different plant taxa have different species-energy relationship curves, one being
hump shaped and the other increasingly positive (Gillman at al., 2006; Mittelbach et al.,
2001). Various metrics have been used to represent the available energy in the speciesenergy hypothesis. For example, a study using evapotranspiration as the measure of
energy found it to be closely related to vertebrate species richness (Currie, 1991).
However, the measurement most often used for the energy variable in species-energy
relationships is NPP. There are several ways to model NPP, each of which could have a
different relationship to species richness in a species-energy hypothesis model
(Schlesinger, 2013).
In my study, I will use species richness as a measure of biodiversity. Biodiversity
has many components and can be quantified by different metrics, such as species
richness, abundance, or occurrence (Stirling et al., 2001). Species richness is defined as
the number of species present in an area (Spellerberg 2003). Species richness can be
difficult to measure, and the method of sampling must be done correctly to ensure the
validity of species richness data (Gotelli 2001). I chose to use species richness because it
is the most widely used measure of biodiversity and is highly correlated with other
measures of biodiversity, such as evenness and proportional diversity (Mittelbach et al.,
2001; Stirling et al., 2001).
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Measuring HANPP
Most species-energy studies rely on NPP measurements modeled from satellite
imagery for the energy variable. While this method does obtain a measurement of the
overall primary production of an area, it does not always identify how much of that
energy is being removed from the system by humans. In the Anthropocene, the question
is no longer if humans affect natural systems, but rather how to quantify the impact we
have on the environment. With 38 percent of earth’s terrestrial surface occupied by
agriculture, it is likely that human impact is disproportionately affecting the amount of
NPP energy available to other species (Foley et al., 2011). Therefore, a test of the
species-energy hypothesis will be more accurate if it uses variables that account for
human land use.
Scientists have experimented with different methods of quantifying how much
energy humans remove from natural cycles on a global scale. Early studies found that
huge proportions of biomass were being harvested globally, which would not be
sustainable for a growing population (Whittaker at al., 1973). These studies were
followed by more research attempting to measure the harvest of the biosphere, but the
field still lacked a consistent definition of how to quantify the amount of resources used
by humans.
The concept of Human Appropriation of Net Primary Production (HANPP) was
first developed by Vitousek et al (1986) to measure harvest of energy (NPP) by humans.
Vitousek quantified HANPP on a global scale with three different harvest estimates. His
estimates comprised different components that measured ways that humans remove
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photosynthetically derived carbon energy from the environment. These included
cultivated land, food production, feed for domestic animals, wood products, fisheries,
material consumed by grazing animals, material burned to make space for grazing, wood
products, NPP harvest from agriculture, conversion of forest to pasture, desertification,
and land lost to human development. When all these components were totaled, it was
estimated that 40 percent of global terrestrial NPP is co-opted by humans. Vitousek
warned that this intense use of natural resources might overwhelm planetary boundaries
(Vitousek et al., 1986). This study was the first of many to attempt to quantify human
consumption of the biosphere with the concept of HANPP.
Research on HANPP has continued to refine the methodology and validate its use
in quantifying the human footprint on the environment. There are now conventions that
are accepted as best practices measuring HANPP. For example, scientists have reached
the consensus that it is important to measure HANPP at a large spatial extent in order to
accurately assess patterns (Imhoff et al., 2004). There is still variation across HANPP
studies in the different components used in calculations of total harvest. A literature
review found that trends in HANPP are similar, however, even when different
components are used (Haberl et al., 2014; Rojstaczer et al., 2001). Despite the differing
components used, HANPP has been established as a valid way to quantify human
appropriation of the biosphere and is being used in studies of human impact in various
ecosystems (Huang et al., 2018; Morel et al., 2019; Pritchard et al., 2018; Qin et al.,
2021; Sjafrie et al., 2018). HANPP is distinctly driven by human action, as opposed to
other metrics like NPP that are influenced by natural environmental causes (Qin et al.,
2021). A HANPP “footprint” spatially and temporally measures the impact of harvesting
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specific natural resources in a given area (Andersen et al., 2020; Erb et al., 2013; Haberl
et al., 2012). This differs from other ecological footprint concepts, such as the carbon
footprint, which focuses on the amount of greenhouse gasses that certain actions produce.
A HANPP footprint links specific products to their land use intensity (Erb et al., 2009).
The established definition of HANPP has several components that are used in
various studies to highlight different aspects of human impact (Figure 1). Many studies of
HANPP get an overall measure of NPP by modeling the amount of NPP that would exist
in the absence of human disturbance. This measurement is called NPP potential, or
NPPpot. However, NPPpot is hypothetical and can only be simulated using ecosystem
models problematic because it can only be modelled using estimates from the NPP of
nearby non-developed land. This, combined with the fact that NPP measurements from
MODIS data can have margins of error up to 19% (Heinsch et al., 2006), make NPPpot a
problematic measurement. The HANPP dataset used in this study does not contain NPPpot
measurements, and references I make to NPP are referring to NPP actual (NPPact). Using
NPPact as the baseline of energy will result in less error and improve upon previous
studies.
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Figure 1
Graphical representation of HANPP based on the accepted definition of HANPP from a
thorough meta-analysis

Note. A graphical representation of HANPP based on a diagram of HANPP published in
a meta-analysis (Haberl et al., 2014). This diagram represents the main definitions of
HANPP as described by Haberl in his meta-analysis. This diagram outlines the definition
of HANPP that is derived from the idea of NPPpot. When using NPPpot, HANPP includes
any lost net primary production that is the result of human activity.

The HANPP dataset used in my study is based on a simplified definition of HANPP
which is visualized in Figure 2. NPPact is 100% of all the productivity in an ecosystem.
This carbon energy is measured in gCm2yr-1 and is either appropriated by humans as
HANPP or left undisturbed in the ecosystem as NPPeco. The HANPP dataset I used also
included breakdowns of HANPP into used, unused, aboveground, belowground, crop
HANPP, timber, HANPP, and grazing HANPP.
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Figure 2
Graphical representation of the definitions and components of HANPP used in this study

Note. This figure graphically represents the definitions and components of HANPP that
are used in this study. NPPact represents 100% of the productivity in an ecosystem. This
carbon energy is either appropriated by humans as HANPP or left undisturbed in the
ecosystem as NPPeco. The percentage of NPP that is used as HANPP can be further
divided into used or unused, above or below ground, and different types of HANPP such
as crops, timber, and grazing.

It is important to study HANPP because it connects human consumption of
natural resources to global energy cycles. HANPP varies globally because it is influenced
by both natural and socioeconomic factors (Erb et al., 2009; Krausmann et al., 2009).
HANPP is an excellent variable to use while studying biodiversity loss because decreases
in global biodiversity are mainly driven by land use change (Díaz et al., 2019). A recent
HANPP study used GIS data to conclude that, in the year 2000, humans appropriated
~23.8 percent of terrestrial NPP, which equates to approximately 15.6 Pg of carbon
(Haberl et al., 2007). A different study using a HANPP simulation found that humans
appropriate as much as 55 percent of terrestrial NPP (Rojstaczer et al., 2001). Another
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study found that consumption of NPP by humans reduces the flow of energy through an
environment by 20–30 percent (Wright, 1990). Global HANPP has doubled in the past
century and is expected to continue increasing in the future (Krausmann et al., 2013).
Some scenarios predict HANPP could grow to 25-35 percent of potential NPP by 2050.
HANPP studies show increasing amounts of energy being consumed by humans through
land use change and NPP appropriation (mainly to be used directly or indirectly for food)
(Kastner et al., 2015; Zhou et al., 2018). The cycle of growing extensive crops then
harvesting them leads to a pattern of high terrestrial biomass turnover, which disrupts
natural energy and carbon cycles (Jenkins et al., 2020). Studies have found that these
increases in human land use change could also impact carbon storage (Erb et al., 2018).
HANPP is an important tool to study these increasing trends of ecological energy
consumption.
The natural flow of energy through an environment is disrupted when humans
appropriate large amounts of energy for our own uses. It is important to study the amount
of NPP leftover once HANPP is removed from an ecosystem because this is what is
actually available to non-domesticated species. The remaining NPP is referred to as NPP
ecological (NPPeco). NPPeco is calculated by subtracting HANPP from the actual NPP of
the prevailing vegetation (Haberl et al., 2014). NPPeco measures how much of the original
photosynthetic energy is left in the environment and is essentially an inverse
measurement of land use intensity (Haberl et al., 2012). Areas with greater HANPP have
lower NPPeco and therefore less energy available to other trophic energy flows. This can
affect ecological functioning and biodiversity (Baeza et al., 2018; Marull et al., 2018).
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Because NPPeco accounts for the biomass humans remove from natural energy
flows, NPPeco and HANPP can be used to assess the relationship between available
energy and biodiversity in human-influenced systems. Early HANPP research
hypothesized that HANPP could have large impacts on biodiversity and several studies
have delved into this relationship (Haberl, 1997). HANPP is projected to increase, which
will likely negatively impact biodiversity (Jenkins et al., 2020; Qin et al., 2021). Smallscale case studies on the relationship between NPPeco and biodiversity find that the
relationship shows a general trend of less biodiversity in areas of lower NPPeco (Baeza et
al. 2018). This finding is supporting by a study of agricultural landscapes in Austria
which found biodiversity to be positively correlated with NPPeco, and negatively
correlated with HANPP (Haberl et al. 2004). Studies have also found that lower NPPeco is
associated with not only decreased biodiversity, but also higher percentages of
endangered species, indicating that decreasing NPPeco results in an increase in species
becoming endangered (Haberl et al., 2005; Wright, 1990). Research on global
biodiversity hotspots found that roughly 40 percent of the NPP in biodiversity hotspots is
appropriated by humans. This is largely due to international trade networks in which
wealthy countries are far-removed from the effects that certain products have on the
environment (Weinzettel et al., 2018). This trend can be seen in developing counties such
as Bangladesh, which have an increasing rate of HANPP, implying huge losses of forests
and terrestrial species (Mahbub et al., 2019). A study looking at the relationship between
HANPP, land use, and biodiversity found that high biodiversity and high HANPP can be
achieved if the land use is heterogeneously mixed between intensive agriculture and
natural ecosystems (Marull et al., 2018), a strategy known as “land sharing” (Phalan et
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al., 2011). This is supported by a study done in agricultural regions of France that found
that agricultural areas that incorporate natural elements are correlated with higher
biodiversity indicators (Lorel et al., 2019). These findings suggest that the type of
HANPP is just as important as the amount of HANPP. There is still much to be learned,
however, about the relationship between NPPeco and biodiversity, such as how it varies
across differing life forms and geographic scales. My study will be the first to look at the
relationship between HANPP, NPPeco, and species richness at the county level across the
large scale of the conterminous US.
Methodology

Dependent Variable: Bird Species Richness
Bird species richness is the dependent variable in the species-energy hypothesis
analysis using USGS GAP bird species richness data. GAP (Gap Analysis Project) data
were developed as a way to measure large scale biodiversity by identifying areas of high
species richness that could then be targets of conservation planning (Jennings, 2000). The
USGS GAP data were published in 2001 and include public GIS products that assess the
biodiversity of vertebrates, including mammals, amphibians, reptiles, and birds. This
includes species richness models, which were made by compiling species distribution
models of individual species and summing them to determine a count of the number of
species ranges that occupy a certain area. These individual species distribution models
represent where certain species’ habitats exist. The process of making an individual
species distribution model used the statistical techniques of species distribution modelling
as well as expert opinions. The first part of this process was conducting a thorough
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literature review to compile exhaustive lists of species, as well as life history information,
range extent, and characteristics of habitats used by these species. These were then
checked by species experts, biologists, and online occurrence databases. Habitat
characteristics were used to compile range maps, which provided a coarse representation
of the geographic extent in which a species could be found. The GAP species range maps
were created deductively from habitat suitability models. The variables that informed the
habitat suitability models were vegetation, land cover, elevation, proximity to water
features, proximity to wetlands, level of human development, forest ecotone, and width.
Recorded occurrences were also used to provide additional information to the habitat
models when available. The National Land Cover Dataset, which specifies vegetation
types and has a 30m resolution, was used to describe habitat types that were preferred by
each bird species (Homer et al., 2001). The result is 30m pixel resolution rasters for 649
species in the contiguous US in which each pixel specifies whether that area supports a
species in the winter, summer, or all-year round. These models were created to be used to
assess how large-scale ecoregions can be at risk from land cover changes (Gergely et al.,
2019). This makes GAP data an excellent metric to study how regional biodiversity is
related to HANPP.
The GAP dataset has been used previously in a broad range of research pertaining
to human impacts on biodiversity. A common use of GAP data is in identifying important
conservation areas. For example, one study used GAP data to locate species richness
hotspots and calculate how many of these hotspots occurred within protected areas
(McKerrow et al., 2018). GAP data can also be used to study potential land use change
impacts. In these cases, GAP data are used as a planning tool in the context of future land
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development. A 2017 study used GAP habitat models in Arizona to identify areas where
wind or solar development may be detrimental to species based on species’ different
sensitivities (Thomas et al., 2018). Another example of GAP data being used in land
planning is a study that used GAP habitat maps to determine the biodiversity impacts that
might arise from an increase in wood pellet production in the US; an industry which
relies on intensively managed monoculture forests that heavily impact their surrounding
environment. GAP species habitat models provided biodiversity data for this study,
which found that that the impacts of increased wood pellet production on biodiversity
were not as large as those of other human developments, such as housing (Duden et al.,
2018). A similar study used GAP data to examine how changes in land use to
accommodate renewable energy targets would affect overall biodiversity, as well as
species of interest, in the Southeast U.S. (Tarr et al., 2017). GAP data are an important
tool in studying the effects of land use change on biodiversity.
My study uses GAP data for bird species richness. Species richness is a valid
measurement of bird biodiversity because it accounts for the presence or absence of birds
at any time of the year. This is an important consideration because bird migration affects
the number of bird species in an area at different times of the year (Kricher, 1972;
Schuster et al., 2019). Bird species richness is a good dependent variable for a model
because birds are dispersed across the 48 contiguous states, whereas other taxa, such as
amphibians and reptiles, are mostly concentrated in the areas of high precipitation, high
temperature, and rivers of the Southern states. It is important to study bird biodiversity
because bird species are going extinct in alarmingly large numbers (Díaz et al., 2019). A
recent study found that 187 bird species have gone extinct since 1500 (Butchart et al.,
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2018). Bird species richness declines are unfortunately following the global trend of
biodiversity decrease.
Species richness is the dependent variable for my study, so it was crucial to obtain
a reliable count of species per county. Species data were obtained from the USGS Gap
Data website. This database includes species range maps at a 30 m pixel resolution for
each species in which each pixel’s value represents the number of species that could be
found within that 900m2 area at specific times of the year. However, because the HANPP
dataset only has observations at the county level, I had to process the species richness
data so that it also represented species richness at the county level. Though rescaling did
decrease the resolution of the species richness data, rescaling is a common practice in
biodiversity because the tradeoff is that the new data are compatible with the spatial scale
of other land management data being utilized (Carroll et al., 2022; Kissling et al., 2018).
I calculated the total number of bird species that could be found in a county at any
time of the year. Simply averaging the number of pixels per county did not accurately
capture the variation in species richness, so I had to construct a new method to obtain an
accurate species richness count in each county. I did this by first downloading each
individual species range map from the USGS GAP database. This database includes 649
bird species range maps at the 30 m pixel resolution. Each range map consists of pixels
classified into summer, winter, or year-round habitat. My study uses data for the entire
year, so I needed to reclassify the season-specific pixel values to instead be either
“present” or “absent” at any point in the year. I used R software (R Core Team, 2022) to
reclassify the pixel values to the categorical values of 0 (the species’ range is not present
in this pixel) and 1 (the species’ range is present in this pixel). These values were then

20
used to classify each county as 1 or 0. For example, if the county contained any pixels
classified as 1 (the species range is present), then the entire county was classified as 1,
indicating that the species range is present in that county. These values were calculated
for each species in each county, resulting in 649 datasets, one for each bird species, each
containing all 3102 counties in the US classified as either 1 or 0. All these datasets were
added to calculate a count of the total number of species present in each county. This is
the first time that GAP species richness data have been used to calculate bird species
richness at the county level for the contiguous US. A county level bird species richness
dataset is a helpful addition to the current GAP data available. The current GAP data for
birds is only available as a 30m pixel raster for bird species richness in which each pixel
represents the number of species that could occur in that pixel, or as 30m pixel rasters for
each individual species that represent the potential for the species to occur there in the
summer, winter, or year-round. I produced a bird species richness value for each county
in the US, which could be used in future human-environment studies that use other
county-level data. I will publish this new dataset so that it will be available for future use
in species richness studies. These novel results are visually represented in the map in
Figure 3.
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Figure 3
Map of the number of bird species in each county

Note. This map shows the number of bird species that can be found in each county
throughout the year. This number was calculated using the USGS GAP species richness
data and R geospatial processing tools. Visualizing species richness spatially is helpful in
identifying regional trends that might be correlated with species richness.

Independent Variables
I included several independent environmental variables in my modelling process
to account for other factors, in addition to HANPP and NPPeco, that affect bird species
richness. In consulting the literature on bird species richness modelling, I found that other
studies used variables such as landscape composition, the presence of natural elements,
vegetation, climatic factors and measures of human influence to build successful models
(Beery et al., 2021; Lorel et al., 2019). The gathered environmental variable data from
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available databases and processed it to fit the county resolution. The independent
variables I obtained for my model are summarized in Table 1.
Table 1
The descriptions and sources of each of the environmental variables used in the model
Variable
Species
Richness
HANPP
Climate
Population
Land Cover
County Area
Elevation
Latitude
Coastal
Proximity
NPP

Description
Individual species range maps for the
conterminous US at a 30m pixel resolution
The HANPP density in gC/m²/year, or how
many grams of carbon on average are
harvested from each m² in each county
Bioclimatic variables derived from monthly
temperature and rainfall values at 340 km²
resolution
Number of people in each county in the US
recorded by the 2000 census
Land cover classified by the percentage of
impervious surfaces in each pixel at a 30m²
pixel resolution
Area of each county in m²

Source
https://gapanalysis.usgs.gov/apps/species-datadownload/
(Paudel, 2022)

Meters above sea level
The latitude of the centroid of each county
A categorization of each county as having a
border that touches a coastline or not.
NPP products derived from GPP and daily
photosynthesis values at a 1km pixel
resolution

https://www.worldclim.org/data/worldclim21.html
https://www.census.gov/data.html

https://www.worldclim.org/data/bioclim.html
https://www.census.gov/data.html
https://www.mrlc.gov/
https://www.census.gov/data.html

https://modis.gsfc.nasa.gov/data/dataprod/mod17.p
hp

Note. This table lists the descriptions and websites of each environmental variable. All
the data sources are open-access databases.

My study uses a novel HANPP dataset from Paudel (2022). This dataset
quantifies HANPP as the total of crop harvest, timber harvest, and grazing consumption,
which are commonly used to quantify HANPP (Andersen et al., 2020). Total HANPP
was calculated for each county for the year 2002 and measured in units of gCm-2yr-1.
HANPP at the county level is spatially represented in Figure 4. Crops are the largest
contributors to HANPP (a global trend that leads to agricultural harvests having an
immense impact on the biosphere), followed by forestry and then grazing (Monfreda et
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al., 2008, Erb et al., 2018). Crop, timber, and grazing measurements were obtained from
public databases. Crop yield data were gathered from the U.S. Department of Agriculture
National Agricultural Statistics Service for 2002 and include individual crops that
account for 77 percent of all cropped acres in the U.S. plus an accounting for minor
crops. Timber data were gathered from the United States Forest Service and include
hardwood and softwood timber products. Grazing data were gathered from the USDANASS cattle inventory for grazing on private land and the U.S.D.A. Forest Service and
the Bureau of Land Management for public grazing. Compiling these public data
produced a novel dataset because it is the first HANPP dataset that has been quantified
for each county in the U.S. Measuring HANPP at a national scale is useful because it
minimizes the errors from land heterogeneity (Andersen, 2020). The different
components of HANPP, such as the proportion of HANPP that comes from grazing,
timber, or crops, could have a different effect on bird species, making this dataset more
intriguing. Studying the different components of HANPP is important because at a
national scale, overall HANPP may remain constant over time, but the amount of each
component (such as crops, timber or grazing) could have a different effect on bird species
(Huang et al., 2018; Zhang et al., 2018). A breakdown of these different parts of HANPP
and their effect on species richness could produce new results about the impact of
different human actions on biodiversity.
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Figure 4
Map of HANPP in each county in gCm2yr-1 in 2002

Figure 4: This map represents amount of HANPP in each county in gCm2yr-1 for the year
2002. HANPP represents the NPP harvested in each square meter of the county on
average. HANPP is the sum of the carbon appropriated through crop harvest, timber
harvest, and livestock grazing. Visualizing HANPP spatially is helpful in identifying
regional trends.

Climate variables have an ecological impact on bird species richness partially due
to the climate affecting the vegetation of a region (Cueto et al., 1999; Goetz et al., 2014).
Climate is also found to have a direct impact on bird species richness because it governs
bird species richness for winter habitat (Elsen et al., 2020). Additionally, climate,
specifically temperature, is a strong predictor of bird species richness because birds (and
other animals) have thermal tolerance ranges (Davies et al., 2007). Certain species have
adapted to specific climates through traits such as efficient water processing by species
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living in arid ecosystems. For my study I obtained climate data from the WorldClim
database. This climate dataset is frequently used in environmental modeling research to
include the effects of climate on a dependent variable (Fick, 2017). The bioclimatic
variables included in the WorldClim database are outlined in Table 2. These variables are
historical data from the years 1970–2000 at a 340 km resolution. These were then
averaged to the county level using the software QGIS.
Table 2
The 19 bioclimatic variables in the WorldClim dataset commonly used to represent
climate characteristics in models
Bioclimatic Variable
Annual Mean Temperature
Mean Diurnal Range: (Mean of month (max temp -min temp)
Isothermality: (Mean diurnal range/Temperature Annual Range) x (100)
Temperature Seasonality (standard deviation x 100)
Max Temperature of Warmest Month
Min Temperature of Coldest Month
Temperature Annual Range:
Max Temperature of Warmest Month – Min Temperature of Coldest Month
Mean Temperature of Wettest Quarter
Mean Temperature of Driest Quarter
Mean Temperature of Warmest Quarter
Mean Temperature of Coldest Quarter
Annual Precipitation
Precipitation of Wettest Month
Precipitation of Driest Month
Precipitation of Seasonality: Coefficient of Variation
Precipitation of Wettest Quarter
Precipitation of Driest Quarter
Precipitation of Warmest Quarter
Precipitation of Coldest Quarter

Units
°C
°C
°C
°C
°C
°C
°C
°C
°C
mm
mm
mm
mm
mm
mm
mm

Note. This table details the 19 bioclimatic variables in the WorldClim dataset. These
variables are commonly used to represent climate characteristics in models.

In addition to environmental variables, it was important to include human impact
variables other than HANPP and NPPeco to account for the various ways that humans
might affect bird species richness. Including additional human impact variables could
help determine if the human impact in the model is caused specifically by HANPP or by
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other human causes. The different ways that humans use the landscape could have
varying effects on the species richness of birds. For example, a heavily used soybean
field provides little suitable habitat when it is harvested every year, while a field used as a
public park may provide enough natural vegetation for bird species to survive. Previous
studies of bird species richness in the US have found that land cover and habitat
heterogeneity are strongly related to bird species richness (Huang et al., 2014). In
addition to HANPP, the human impact variables I chose to include are population and
land cover. I obtained county population data from the US Census Bureau database for
the 2000 census. I obtained land cover data from the MRLC Land Cover Database at a
30m² resolution. I used QGIS to find the percentage of pixels from the land cover data
that were classified as “impervious,” which represents developed or urban land where
NPP, and therefore NPPeco, is reduced to nearly zero. The impervious surface variable
represents the percentage of land within each county classified as an impervious surface.
I included county area data in my model because it is important to account for the
effect that county size will have on species richness. It is likely that larger counties will
have higher numbers of bird species because their increased areas could support a wider
range of species’ habitats. County area measurements in m2 were obtained by calculating
the area of each county from the US Census Bureau county shapefile with the software
ArcGIS Pro.
Elevation was important to include in my model because of the differing effects it
could have on species richness. While higher elevation often means colder climates, it
also is correlated with less human disturbance and an increased number of habitats, which
has been found to support higher biodiversity. This high level of biodiversity can be seen
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in the high-elevation “sky island” mountains of the Southwest US (Yanahan et al., 2019).
Previous studies of bird species richness conclude that elevation is an important variable
in modelling species richness (Hurlbert et al., 2005; Jetz et al., 2002). I obtained elevation
data from the USGS in 340 km² resolution. This was then averaged to the county level
using QGIS.
I included latitude as a variable to represent the species-energy hypothesis’ global
pattern of higher species richness correlating with lower latitudes. This trend has been
identified at a national scale in bird species richness (Gaston, 2000; Hawkins et al.,
2003). Studies have found that latitude is a good predictor of species richness because
temperature, which largely controls the metabolic rates of organisms, is highly correlated
with latitude (Allen et al., 2002). Latitude was calculated using the software ArcGIS to
identify the latitude value of the centroid of each county shapefile. Longitude was also
included because it was needed to accurately include a spatial structure in the model and
it was also considered an independent variable. Longitude values were calculated with
the same method as Latitude.
The coastal proximity variable was included after the initial species richness data
were processed and examined, revealing high species richness in coastal counties (Figure
3). Coastal proximity is an ecologically important variable because coastal counties
include the distinct habitat types of terrestrial and marine habitats, meaning coastal
counties can support terrestrial bird species as in the rest of the counties, as well as
marine bird species such as seabirds and wetland species. The trend of high species
richness along the coastline may also reflect access of bird species to the NPPeco of
marine ecosystems. Hotspots of bird biodiversity are often found in coastal regions
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(Stohlgren et al., 2006). To generate a coastal proximity variable, I classified every
county categorically as either 0 (no coastline) or 1 (any coastline).
NPP data were obtained from the MODIS satellite data MOD17 data products.
MODIS satellite data have been used in other studies and are considered a reliable source
(Xiao et al., 2008). These data were derived from satellite imagery and algorithms to map
NPP, as well as GPP, globally for several years (Robinson et al., 2018). Other HANPP
studies have also used NPP data derived from MODIS satellite data (Baeza et al., 2018;
Mahbub et al., 2019) These data were originally in the format of 30m pixels but they
were averaged at the county level using tools in ArcGIS. The result was an average NPP
value for every county in the U.S. NPPeco was calculated by subtracting HANPP of each
county from NPP of each county. This resulted in a NPPeco value for each county in the
US, which is visualized spatially in Figure 5.
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Figure 5
Map of NPPeco in each county in gCm2yr-1 in 2002

Note. This map represents NPPeco in each county in gCm2yr-1 for the year 2002. These
NPPeco data were calculated using the NPP data as well as the HANPP dataset. NPPeco
represents the amount of NPP in gCm2yr-1 that available to non-domestic species in each
square meter of the state on average. Visualizing NPPeco spatially is helpful in identifying
regional trends.

Model Fitting
Testing my hypothesis required fitting a model to examine the relationship
between species richness, NPPeco and HANPP. The variable selection and modelling
process were done in R. It was important to include several independent environmental
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variables in the model to better explain the patterns of bird species richness. I initially
planned to include all the climatic variables included in the WorldClim dataset. After
doing several tests for multicollinearity, including analyzing VIF values, eigen values,
and correlation matrices, it was evident that the climate variables were causing high
multicollinearity (Figure 6). I solved this by methodically narrowing down the climatic
variables by identifying groups of variables that were highly correlated with others. By
only keeping variables that were correlated with others and eliminating the variables that
they were correlated with, I captured the effect of a group of variables with one variable.
For example, annual precipitation was highly correlated with variables such as average
precipitation in the wettest month, average precipitation in the wettest quarter, and
precipitation in the coldest quarter. Out of these variables, I only kept annual
precipitation because it represented different measures of the same variable. The final
variables that I chose to include in my model are species richness, population, county
area, elevation, impervious surfaces, annual mean temperature, annual precipitation,
temperature annual range, HANPP, NPPeco, coastline, latitude, and longitude. The full
list of these variables and their units of these are explained in Table 3. The histograms
showing the frequency distributions of each of the final selected variables is in Figure 7. I
also calculated the correlation between the selected variables and species richness, the
dependent variable (Table 4).
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Figure 6
Correlation matrix visualization to identify multicollinearity

Note. This correlation matrix visualization was used to determine groups of
multicollinear variables that could be summarized in one variable. The color scale on the
bottom indicates whether they are positively (blue) or negatively (red) correlated. Groups
of highly correlated variables are circled.
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Table 3
List of the final variables selected for use in the model
Variable
Species richness
Population
County area
Elevation
Impervious Surfaces
Annual Mean Temperature
Annual Precipitation
Temperature Annual
Range
HANPP
NPPeco
Coastline
Latitude
Longitude

Units
Number of species present in each county
Number of people living in county
Area of each county in m²
Average county elevation in meters
The average percent of land cover that is covered by impervious surfaces in each
county
The county average temperature in °C
The county average precipitation in mm
The county average of the maximum temperature of the warmest month – the
minimum temperature of the coldest month in °C
Average HANPP per county in gCm2yr-1
Average NPPeco per county in gCm2yr-1
Categorical variable indicating counties bordering an ocean (1) or not (0)
The latitude of the centroid of the county
The longitude of the centroid of the county

Note. The final variables that I used for the models. These variables were selected based
on other examples of peer-reviewed literature, expert opinion, and statistical tests of
multicollinearity.
Figure 7
Frequency distributions of final variables selected for the model

Figure 7: This figure shows the frequency distributions of the variables I selected for the
final model. These are shown as histograms to demonstrate the preliminary data
exploration that was done after selecting variables but before selecting a model.
Visualizing the data with frequency distributions helps determine the normality of each
variable and access trends.
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Table 4
Table of final variables with correlation coefficients and P values
Variable
Coastline
County Area
Longitude
Annual Temperature Range
HANPP
Population
Elevation
Annual Precipitation
Latitude
Annual Mean Temperature
NPPeco
Impervious Surfaces

Pearson Correlation
Coefficient
0.53
0.46
-0.36
-0.35
-0.32
0.27
0.24
-0.13
-0.12
0.11
-0.11
0.09

P value
(significance = <0.05)
0.00 *
0.00 *
0.00 *
0.00 *
0.00 *
0.00 *
0.00 *
0.00 *
0.00 *
0.00 *
0.00 *
0.00 *

Note. This table displays the values of the correlations between each of the selected
independent variables and species richness. This was done as preliminary data
exploration to better understand the ways that each variable might impact species
richness in the final model.

When selecting a model, I had to decide between the general linear model that
most species-energy hypothesis studies use and the Poisson model that most analyses for
count data use. To choose a best-fit model, I compared these two options with Akaike
Information Criterion (AIC) scores. AIC scores are a commonly used statistical test
which determine the best model by selecting the model that reduces the mean squared
error of prediction (Vrieze, 2012). This is done by producing an AIC value for each
model, which can then be compared between models, with the lowest AIC value being
the best fit. I calculated AIC values for my linear and Poisson models and the linear
model had a lower score than the Poisson model. This indicated it had a better fit to my
data and I selected the general linear model as the final model.
Once this model form was selected, I ran it with the data and determined if the
output was being affected by residual spatial autocorrelation. Residual autocorrelation is
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a measure of the similarity of nearby model errors. If sites that are close together have
similar values, this indicates that residual variation is systematic, and not random, which
could be a problem for fitting models that require randomly distributed residual error. An
initial inspection of the mapping of the residuals suggested residual autocorrelation left
unexplained by the predictor variables used in the model. This was confirmed when I ran
a variogram test, which uses the residuals to test for residual autocorrelation. To address
this problem, we first tried including grouping variables to reduce residual spatial
correlation. These were not considered predictor variables of ecological interest, but
instead they are used to group spatially similar observations together. The grouping
variables I included were “State” and “Land Resource Region,” which are 20 distinct
land regions characterized by their soil properties, vegetation, and uses for resources (Soil
Conservation Service, 1981). These grouping variables were unsuccessful at solving the
residual autocorrelation, however, so instead we included a spatial correlation structure
within the model using the R package nlme (Piheiro et al., 2013). This package fits a
spatial correlation structure if the model being used is a normal linear model, which this
was. After testing four different correlation structures (gaussian, spherical, linear, and
exponential) and comparing their AIC values, the exponential correlation structure had
the best fit because it had the lowest AIC value of 19,608.84. It also had a very successful
variogram, meaning that the distances between the plotted residuals did not show high
variation but instead remained in a relatively flat line (Figure 8). Variograms test for
residual autocorrelation by plotting the residuals, so a steep line would indicate problems.
We also made the decision to scale the variables on the final model. This not only made
the model run more smoothly, scaling also let us compare the different variables because
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all the predictors are on the same scale. The final model is a GLS (generalize least
squares) model, which is a type of linear model that predicts the outcomes of a dependent
random variable. The final version of the model is:
gls(Species Richness ~ scale(Population) + scale(County Area) + scale(Elevation) + scale(Impervious
Surfaces) + scale(Annual Mean Temperature) + scale(Annual Precipitation) + scale(Temperature Annual
Range) + as.factor(Coastline) + scale(Total HANPP) + scale(NPPeco) + scale(Longitude) *
scale(Latitude), correlation = nlme::corExp(form=~Longitude+Latitude), method = "REML")

Figure 8
Variogram of residuals of final model

Note. A variogram of the residuals of the final model. Variograms represent how well the
model accounts for spatial autocorrelation. This variogram shows a relatively flat slope
across distance lags, which indicates negligible residual spatial autocorrelation.
Results

The model that performed the best was a GLS general linear model with an
exponential spatial correlation. I used this model, and my selected scaled variables, to test
the hypothesis suggested by the species-energy theory that regions with higher available
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energy (higher NPPeco) will have higher numbers of species present. This resulted in a
model that partially supports my hypothesis (Table 5). I used this output to determine if
my model supported my original hypothesis that species richness would be positively
correlated with NPPeco and negatively correlated with HANPP. I did this by looking at
the coefficient estimate of each variable indicated in the Coefficient column. Coefficient
estimates quantify the average increase or decrease in species richness for each unit
increase in each independent variable. In my model the variables are all scaled,
essentially making the units the same for all the variables. This means the effect sizes can
be compared between variables. NPPeco had a coefficient estimate of -0.16, which can be
interpreted as: with every 1 standard deviation (1SD) change in NPPeco we expect to see a
0.16 decrease in the number of bird species, and for extreme NPPeco values (>3SD away
from mean NPPeco) we expect to see a 0.48 decrease in the number of bird species in the
county. The large p-value of NPPeco indicated that it was not statistically significant in the
model. The effect of NPPeco differed from my prediction of a positive relationship
between NPPeco and species richness.
The HANPP variable had a coefficient estimate of -0.68, and this was statistically
significant with a p-value of 0.01. This result can be interpreted by every 1SD change in
HANPP we expect to see a 0.68 decrease in the number of bird species per county, and
for extreme HANPP values (>3SD away from mean HANPP) we expect to see a 2.04
decrease in the number of bird species per county. I predicted that HANPP would have a
negative effect on species richness, so the HANPP variable in this model does support
my hypothesis. HANPP does have a negative effect on species richness, but the nature of
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the relationship between HANPP and species richness is not as strong as some of the
other environmental variables because the HANPP coefficient is relatively small.
Table 5
First model output testing the original hypothesis including with variables HANPP and
NPPeco
Variable
Coastline
Annual Mean Temperature
County Area
Annual Precipitation
Population
Elevation
NPPeco
HANPP
Impervious Surfaces
Latitude
Annual Temperature Range
Longitude

Coefficient
19.21
7.86
5.53
4.45
1.69
1.33
-0.16
-0.68
-2.24
-3.56
-4.40
-9.68

Standard
Error
0.73
3.05
0.23
0.81
0.14
1.98
0.35
0.25
0.13
8.77
1.08
15.74

t-value
26.33
2.58
23.63
5.47
11.68
0.67
-0.46
-2.66
-17.38
-0.41
-4.08
-0.61

p-value
(significance =
<0.05)
0.00 *
0.01 *
0.00 *
0.00 *
0.00 *
0.50
0.65
0.01 *
0.00 *
0.69
0.00 *
0.54

Residual Standard Error: 551.49, Degrees of freedom: 3098 total; 3084 residual, AIC:
19608.84, BIC: 19711.42
Note. This table shows the results from the first model that tested the original hypothesis.
The variables in this model include the suite of environmental variables, as well as
NPPeco and HANPP. The results are arranged by ordering the Coefficient column from
greatest to least. The Coefficient column measures the effect that a variable has on
species richness. The Standard Error column measures the average distance that the
observed values fall from the regression line. The t-value column lists the value of the
coefficient divided by the standard error. The p-value column measures the statistical
significance of the effects in the Coefficient column. Statistical significance is a value
<0.05, and is noted with an asterisk.

The results of my model (as shown in Table 5) did not support the NPPeco
hypothesis but did support the HANPP hypothesis. The effect of NPPeco in the model was
surprisingly negative, though insignificant, and both HANPP and NPPeco had small
effects on species richness compared to other environmental variables. These results
made me consider if I had selected the correct variables to test the effect of HANPP on
bird species richness. I decided to return to data exploration by testing the effects of
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different variables in the same model form while keeping the spatial correlation structure.
I suspected that my measure of NPPeco might not be the best way to compare NPPeco
values between counties. I had already tested HANPP and NPPeco, so I explored other
related variables. Two of the variables I was interested in were HANPP% and NPPeco%.
While HANPP and NPPeco are good measures of human impact, studying the proportion
of NPP that is HANPP% and NPPeco% could also bring new insights as an indicator of
human ecological disturbance (Haberl et al., n.d.). HANPP% and NPPeco% could have a
large effect on species richness compared to the absolute value of HANPP or NPPeco. For
example, in an ecosystem, the absolute amount of NPP appropriated by humans might be
high but, relative to the total amount of NPP it may only be a small portion that humans
are using. In an ecosystem with a small amount of total NPP, even a small amount of the
NPP appropriated by humans could be a large proportion of the total NPP and could have
a large impact on the ecosystem. Studies have found significant positive relationships
between species richness and HANPP% with linear regressions (Haberl et al., 2005;
Haberl et al., 2004). Other studies have used HANPP% as a measure of land use intensity
(Huang et al., 2018). For example, mapping HANPP% at the global scale can quantify
regional patterns and show local change from different human activities (Haberl et al.,
2007). The background of literature established for HANPP% suggests that similar
results could be seen with NPPeco%. It is important to note that HANPP% and NPPeco%
add up to 100%, and therefore cannot be included in the same model because they will
cause singularity.
Other variables that I wanted to explore were crop HANPP, grazing HANPP, and
timber HANPP. Since the first HANPP studies, researchers have been studying how

39
different types of human appropriation could affect ecosystems (Haberl et al., 2014; Qin
et al., 2021; Vitousek et al., 1986). The HANPP dataset used for this study included a
breakdown of HANPP consisting of crop HANPP, grazing HANPP, and timber HANPP.
These variables were tested in one model. I also decided to keep the environmental
variables used to control for lurking effects in each of the models. This controlled for the
environment and residual autocorrelation in each model and instead let me compare the
effects that the various HANPP variables had on species richness.
I tested several HANPP variables in different combinations using the same GLS
model with a spatial correlation structure. This process helped me understand if a new
hypothesis could be formed with better variables or different combinations of variables.
To avoid biased model selection, I split my initial dataset into smaller training and testing
subsets, which contained 75 percent (2324 counties) and 25 percent (775 counties) of the
total counties. This was done in R, using code that randomly selected observations with
no repeats. I used the training subset to calibrate each of the new models. In total, 13 new
models were tested in this phase of data exploration. Only six of these successfully ran,
however, due to the structure of the model and the variables that were being used. I then
calculated AIC values for each of the successful models so that they could be compared.
The HANPP variables used in each of the models and each of their respective AIC values
are listed in Table 6.
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Table 6
Table of HANPP-related variables tested in the model to form a new hypothesis
HANPP Variables Included in Model
Model 1: HANPP%
Model 2: HANPP, NPPeco
Model 3: HANPP
Model 4: NPPeco
Model 5: Crop HANPP, Timber HANPP, Grazing HANPP
Model 6: HANPP, NPP

AIC
19610.45
14819.10
14817.98
14824.66
14834.37
14834.65

Note. This table describes the six models that were run with the training data. Each model
contained different HANPP-related variables, which are listed in the first column. The
AIC column contains the AIC values for each of these models. These values were used to
compare the models and select the best fit model.

Once the models were completed, they were compared using their AIC values.
The AIC value of Model 3 was 14817.98, which was the lowest (and therefore the best)
value of all six models that were run with the training data, indicating that Model 3 is the
best fit for my data. This model included HANPP as a variable, as well as the selected
suite of environmental variables, making it identical to the first model but without
including NPPeco. The form of Model 3 is:
gls(Species Richness ~ scale(Population) + scale(County Area) + scale(Elevation) + scale(Impervious
Surfaces) + scale(Annual Mean Temperature) + scale(Annual Precipitation) + scale(Temperature Annual
Range) + as.factor(Coastline) + scale(Total HANPP) + scale(Longitude) * scale(Latitude)

The results of this model are described in Table 7. In this model, the variables are
scaled so the effect sizes can be compared between variables. HANPP has a negative
effect in this model with an effect size of -0.78. This signifies that for every 1SD change
in HANPP we expect to see a 0.78 decrease in the number of bird species per county and
for extreme values of HANPP (>3SD) we expect to see a 2.34 decrease in the number of
bird species per county. This coefficient is statistically significant in the model. This
result supports the findings of the original model, which also showed HANPP having a
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statistically significant negative effect on species richness. The results from this model
seemed to support the hypothesis that HANPP is negatively correlated with species
richness. The relationship between HANPP and species richness is relatively weak,
however, compared to the other variables because the HANPP coefficient is smaller than
the other environmental variables. It is important to remember that these results are done
on the training data subset, which includes only 75 percent of the data. For this
hypothesis to be supported, the same results must be found in the testing data subset (the
other 25 percent of the observations in the dataset).
Table 7
Output from model testing new hypothesis with HANPP and the training portion of the
data
Variable
Coastline
Annual Mean Temperature
County Area
Annual Precipitation
Elevation
Population
HANPP
Impervious Surfaces
Latitude
Annual Temperature Range
Longitude

Coefficient
20.51
10.14
5.83
4.89
2.91
1.42
-0.78
-2.29
-2.73
-4.63
-9.80

Standard
Error
0.84
3.40
0.27
0.94
2.22
0.16
0.27
0.15
9.03
1.16
15.83

t-value
24.48
2.99
21.89
5.19
1.31
8.77
-2.88
-15.24
-0.30
-3.98
-0.62

p-value
(significance =
<0.05)
0.00 *
0.00 *
0.00 *
0.00 *
0.19
0.00 *
0.00 *
0.00 *
0.76
0.00 *
0.54

Residual Standard Error: 454.65, Degrees of Freedom: 2324 total, 2311 residual, AIC:
14817.98, BIC: 14909.9
Note. The results are arranged by ordering the Coefficient column from greatest to least.
The variables in this model include the suite of environmental variables, as well as
HANPP. The Coefficient column measures the effect that a variable has on species
richness. The Standard Error column measures the average distance that the observed
values fall from the regression line. The t-value column lists the value of the coefficient
divided by the standard error. The p-value column measures the statistical significance of
the effects in the Coefficient column. Statistical significance is a value <0.05, and is
noted with an asterisk.
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After this model was used with the training data subset, I then ran the model with
the test data subset to test if my new hypothesis, that HANPP has a negative effect on
species richness, was supported. This was done to examine the validity of the selected
model without bias. The results from the model with the testing data are shown in Table
8. As with the training dataset, the testing dataset also showed HANPP having a negative
effect on species richness with an effect value of -0.72. which is very close to the effect
value of HANPP in the training dataset, which was -0.78. This result signifies that for
every 1SD change in HANPP we expect to see a 0.72 decrease in the number of bird
species per county and for extreme values of HANPP (>3SD) we expect to see a 2.16
decrease in the number of bird species per county. The associated p-value is 0.16, which
is not significant. However, this non-significant p-value is likely the result of having a
smaller sample size in the testing dataset. This result does support the previous training
model because the effect values are very close. Both models show HANPP having a
negative correlation with species richness but the coefficient value is smaller than the
coefficients of other variables, signifying that the relationship between HANPP and
species richness may not be as strong as that of the other variables.
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Table 8
Output from model testing new hypothesis with HANPP and the testing portion of the
data
Variable
Coastline
Annual Mean Temperature
Elevation
Latitude
County Area
Annual Precipitation
Population
HANPP
Impervious Surfaces
Annual Temperature Range
Longitude

Coefficient
21.53
9.28
5.37
4.70
4.65
3.69
2.68
-0.72
-2.75
-5.41
-5.60

Standard
Error
1.72
5.66
3.40
10.31
0.58
1.44
0.43
0.51
0.33
1.83
17.30

t-value
12.51
1.64
1.58
0.46
7.97
2.56
6.29
-1.41
-8.26
-2.95
-0.32

p-value
(significance =
<0.05)
0.00 *
0.10
0.12
0.65
0.00 *
0.01 *
0.00 *
0.16
0.00 *
0.00 *
0.75

Residual Standard Error: 666.54, Degrees of Freedom: 774 total, 761 residual, AIC:
5370.105, BIC: 5444.26
Table 8: The results are arranged by ordering the Coefficient column from greatest to
least. The variables in this model include the suite of environmental variables, as well as
HANPP. The Value column measures the effect that a variable has on species richness.
The Standard Error column measures the average distance that the observed values fall
from the regression line. The t-value column lists the value of the coefficient divided by
the standard error. The p-value column measures the statistical significance of the effects
in the Coefficient column. Statistical significance is a value <0.05, and is noted with an
asterisk.

Discussion

My original hypothesis was that species richness would be positively correlated
with NPPeco and negatively correlated with HANPP. This hypothesis, if true, would
imply two principles: that the species-energy hypothesis was supported when using
NPPeco as a human-impacted corrected measurement of energy; and that counties with
high HANPP have lower species richness. I tested this hypothesis with a model that
included HANPP and NPPeco as predictor variables. The model results show that HANPP
has a small, negative effect on species richness but NPPeco has a statistically insignificant
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relationship. These results do not strongly support of the species-energy hypothesis.
However, they do show that areas with high HANPP have lower species richness.
To better understand the true nature of HANPP, NPPeco, and species richness, I
performed an exploratory analysis using various HANPP measurements within the same
model structure with a training subset of my data. The best performing model that was
selected included the same environmental variables as the previous model, as well as total
HANPP. The results from this model suggest that HANPP has a statistically significant
negative effect on species richness. Therefore, the hypothesis that was tested was that
HANPP is negatively correlated with species richness. This is weakly supported by the
model results from the testing data. The effect of HANPP was negative, as was predicted
by the training data model but relatively small when compared with the effect sizes of
other variables. As with the original hypothesis, HANPP appears to be a good predictor
of human impact on species richness but there is not a strong enough correlation to imply
that it is a useful indicator of a “biodiversity footprint.”
Though HANPP is correlated with a decrease in species richness, it is not as
highly correlated as the other environmental variables. For example, the Coastline
variable has the largest effect in every model and it is always statistically significant. This
could be due to the way that the GAP species richness data were collected, or a result of
bird species being able to access marine food sources in addition to terrestrial NPP.
Species richness is also highly correlated with County Area. The strong effect of County
Area is likely due to larger counties having high numbers of species found in them. This
relationship if further complicated by the largest counties in the Southwest coinciding
with some of the most diverse bird habitat in the US. The “sky island” mountain ranges
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of the Southwest experience high numbers of bird species throughout the year as birds
migrate. In addition to County Area, other variables such as Annual Precipitation, Annual
Temperature Range, and Population had a large, statistically significant effect on species
richness in every model. This implies that bird species richness is overwhelmingly driven
by environmental and climatic factors. This is supported by other studies that find that at
large scales, climatic factors are the largest drivers of species distributions (Hallman et
al., 2020). While HANPP might have a negative impact on species richness, it does not
have as great of an impact as regional environmental factors.
Limitations
It is important to address some of the limitations of my study. All the data I use in
this study, except for HANPP data, comes from open access data sources. Obtaining data
from published databases comes with complications including a limited number of years
of collected data, different spatial resolutions, and difficult data structures. These
limitations are addressed by gathering data from years that were within one to two years
apart and converting all the variables into the same spatial resolution. Looking at the
relationship between HANPP and species richness for a single year, however, might miss
some of the lags that may accompany species responses to land changes (Duden et al.,
2018).
Species richness is one of many metrics used to measure biodiversity, but it does
come with limitations. One such limitation is that the species richness models I used do
not actually predict where individuals of a species will be. Species richness models
represent places where the habitat is predicted to be suitable for a certain species, which
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differs from animal occurrence data. However, this is a limitation with all species
richness research because no single measure of biodiversity entirely captures the nuances
of species behaviors (Stirling et al., 2001). Measuring biodiversity is difficult because
each ecosystem is open, with ecological processes such as predation, competition,
succession, and migration occurring at any given time. These factors make measures of
biodiversity less than perfect, but are accounted for by adhering to the best practices for
making one’s biodiversity analysis as accurate as possible. These limitations come with
all species richness studies and do not detract from the value that this biodiversity
measurement brings.
Conclusions

The results of my research add to the current knowledge about HANPP and bring
together the studies of ecology and agriculture. My study is one of the first to test the
species-energy hypothesis through the framework of HANPP. HANPP fits into the
species-energy hypothesis because HANPP measures the energy that is being removed
from an ecosystem; in which the inverse, NPPeco, creates a more accurate measure of
available ecosystem energy. Even though my results did not show a clear relationship
between NPPeco and bird species richness, as the species-energy hypothesis would
predict, my results suggest that large scale environment trends, such as temperature and
coastal geography, are the largest drivers of bird species richness in the US. These results
support other research studying large-scale trends of bird species richness (Elsen et al.,
2020). The results of my study suggest that HANPP does impact bird species richness at
the county level, though not nearly as strongly as environmental variables do. This does
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not mean that measuring HANPP has no value. HANPP studies are widely regarded as a
successful way to estimate the overall human land use impact in an area rather than
predict a precise ecological outcome. HANPP measurements are important because they
can link the environmental impacts of products to the consumers of products who are
often far removed from the places being impacted (Weinzettel et al., 2019). Past HANPP
studies hypothesized that increasing HANPP would result in a loss of biodiversity and
my results seem to support that notion. Future studies could refine the ways that HANPP
is used to quantify the biodiversity footprint of human impact in a region. As biodiversity
is threatened worldwide, HANPP will be a very useful tool for future research to assess
regions of high human impact that might be suffering the most biodiversity loss.
Assessing and mitigating biodiversity loss will become increasingly important in the
future and utilizing HANPP as an indicator could be a part of the solution.
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